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Defying both theory and intuition, low beta assets have consistently outperformed high beta assets, both over time and across various asset markets (Frazzini and Pedersen, 2014) . This observation has come to be known as the beta anomaly. In this paper, I present evidence that the beta anomaly is embedded in a broad set of cross-sectional asset pricing puzzles. I document that anomaly portfolio returns share a striking and peculiar pattern:
returns are positive and peak in market downfalls, but are negative when the market rises.
I verify that this negative covariance is empirically equivalent to the long portfolios holding stocks with lower betas relative to the short portfolios, and that the strategy of buying low beta stocks and shorting high beta stocks produces a significant monthly alpha, with a point estimate of 51 basis points and a t-statistic of 3.09. Mitigating the exposure to the beta anomaly either attenuates or eliminates the economic and statistical significance of the risk-adjusted returns to numerous cross-sectional anomalies.
This paper analyzes a set of ten asset pricing puzzles representative of different types of cross-sectional return predictors documented in the literature. The sample includes anomalies that are operation-based (total accruals, return on assets, profitability, investment growth), return-based (momentum), risk-based (O-score, default probability, return volatility, idiosyncratic volatility), as well as issuance-related (composite equity issues). It is remarkable that portfolios formed on such a wide range of characteristics all have returns that are negatively correlated with the market. The observed negative covariance has two immediate implications. First, to the extent that these anomaly portfolios hold "quality" stocks (profitable, high past return, mature, low probability of failure, etc.), the fact that they pay off in bad states of the world is consistent with flight to quality in market downturns. The negative covariance between "quality" stocks and the market points to the beta anomaly as an explanation for why "quality" stocks have high average returns (Asness, Frazzini and Pedersen, 2014) . Second, the shared negative covariance with the market is suggestive of the data mining concern in the empirical asset pricing literature (see for instance Harvey, Liu and Zhu, 2016; Chordia, Goyal and Saretto, 2017) . Somehow the search for cross-sectional return patterns has led to different dimensions to slice the data, many of which implicitly take advantage of the beta anomaly.
To show that the beta anomaly subsumes the risk-adjusted returns of the cross-sectional anomalies, I mitigate the long-short portfolios' exposure to the beta anomaly in two complementary ways. First, I consider an alternative weighting scheme when aggregating returns to the portfolio level: I weight stocks in long legs using the ascending decile ranking of their pre-formation betas, and weight stocks in short legs using the descending decile beta rankings. This way of constructing portfolios keeps the original portfolio constituents while putting more weight on high beta stocks in the long leg, and more weight on low beta stocks in the short leg, relative to value-weighted portfolios. The second approach complements the first by keeping the value-weighting scheme from the original portfolio construction, but removing stocks with low betas in the long leg, and stocks with high betas in the short leg. Together these two approaches allow me to separate the effect of beta exposure from the effect of the anomaly characteristics on the long-short portfolios' alphas. Both modified portfolio construction methods reduce or remove the exposure to the beta anomaly, and lead to reduced CAPM alphas for the anomaly trading strategies. In terms of economic magnitude, the reduction in trading profitability ranges from 27% up to a reversed sign.
The t-statistics of the CAPM alpha estimates all drop below 3, the significance threshold suggested by Harvey, Liu and Zhu (2016) to account for data mining concerns. The results hold after ensuring that the resulting anomaly portfolios are ex post market neutral, in different time periods, and are robust to alternative beta measures. Falsification tests show that reductions of such magnitude are difficult to replicate through random adjustments to the anomaly portfolios.
There are two alternative ways to control the extent to which the long-short portfolios are susceptible to the beta anomaly. However, neither is effective for the purpose of this paper. The first alternative approach is a regression specification where the return to the beta-sorted portfolio is added to the CAPM as an explanatory variable. I show that this regression specification suffers from multicollinearity: by construction, the beta-sorted portfolio is highly negatively correlated with the market excess return. I verify this negative correlation in my sample and find a correlation coefficient of -0.77. Therefore it should not be expected that adding the beta anomaly return to the CAPM significantly improves the explanatory power of the CAPM. Moreover, the regression specification implies that returns to the beta-sorted portfolio proxy for a systematic risk factor, while this paper analyzes individual stock betas as characteristics. The second approach is to form anomaly portfolios from independent double-sorts on beta and an anomaly characteristic. However, this method does not effectively adjust the ex-post beta estimates of the long-short portfolios: within each beta quintile, the variation in betas between extreme anomaly quintiles is comparable in magnitude to that from the univariate sort on the anomaly characteristic alone.
The CAPM beta is one of many common measures of risk. The literature (see for instance Ang, Hodrick, Xing and Zhang, 2006; Baker, Bradley and Wurgler, 2011) has identified a number of alternative risk measures that are also negatively related to expected returns in the cross-section. I analyze return volatility as a model-free alternative measure of risk. I find a positive average cross-sectional correlation between beta and return volatility of about 0.32. I show that over the sample period, the anomaly long portfolios have lower realized return volatility relative to the short portfolios. Moreover, removing the return volatility anomaly imbalance in the long-short strategies has similar effects as mitigating the long-short portfolios' beta anomaly exposure. This is suggestive evidence that more general than the beta anomaly, the low-risk puzzle adds to the cross-sectional return anomalies.
I consider three additional prominent anomalies: book-to-market value of equity, net operating assets, and asset growth (also interpreted as investment-to-assets, as in Hou, Xue and Zhang, 2015) . I find that portfolios formed on book-to-market and net operating assets are roughly market neutral, while the return to the asset growth portfolio is negatively correlated with the market excess return. However, weighting portfolio holdings by their beta ranks has no negative effect on their risk-adjusted returns, whereas the method of elimination does. I propose an explanation to the failure of the rank-weighting method by connecting two observations. First, using beta-ranks as weights instead of lagged market capitalizations exacerbates the size effect. Second, relative to the other anomalies, the portfolio formed on asset growth is more susceptible to the size effect.
The paper proceeds as follows. The next section discusses the relevant literature. Section 2 motivates the hypothesis that the beta anomaly is embedded in many cross-sectional asset pricing puzzles. Section 3 discusses the data and the empirical measures used in the paper. Section 4 presents the main empirical findings. Section 5 discusses a set of anomalies not covered in the paper. Section 6 discusses alternative ways to mitigate the long-short portfolios' exposure to the beta anomaly, and limitations of the methods applied in this paper. Section 7 concludes.
Literature
The beta anomaly has been documented as early as Black, Jensen and Scholes (1972): high (low) beta stocks tend to have low (high) risk-adjusted returns under the CAPM, resulting in a security market line flatter than predicted by the CAPM. The beta anomaly since then has been extended in a number of ways to the more general low-risk puzzle. Ang, Hodrick, Xing and Zhang (2006) consider alternative measures of risk, and find that return volatility and idiosyncratic volatility are negatively correlated with expected returns in the cross-section. Bali, Cakici and Whitelaw (2011) find that investors have preferences for the risky lottery-like assets by documenting a negative relation between a stock's recent maximum daily return and expected returns. Asness, Frazzini and Pedersen (2014) show that "quality" stocks offer high average returns relative to "junks". More recently, Kapadia, Ostdiek, Weston and Zekhnini (2015) extend the the literature by showing that stocks that are predicted to hedge market downturns out-of-sample significantly outperform those that do not.
The literature proposes several explanations for the beta anomaly, most of which rely on some type of investor preference for risk. Such preferences could arise due to behavioral reasons (Karceski, 2002; Baker, Bradley and Wurgler, 2011; Bali, Brown, Murray and Tang, 2016; Hong and Sraer, 2016) , or due to institutional constraints (Frazzini and Pedersen, 2014) . Independent from the investor preference argument, Cederburg and O'Doherty (2016) find no consistently significant alpha from the beta-sorted portfolio after accounting for the time-variation in beta under a conditional CAPM framework. In contrast, I study the asset pricing anomalies in an unconditional model. This paper does not take a stance on the source of the beta anomaly. Rather, I verify its empirical validity in an unconditional setting, and show that the beta anomaly is embedded in the other cross-sectional anomalies.
Therefore, to the extent the beta anomaly is explained in the literature, my results suggest that we have explanations for a wide range of other anomalies as well.
In a related paper, Novy-Marx (2014) attributes the abnormal performance of the defensive minus aggressive (DMA) strategy to small, growth, and unprofitable stocks, and argues that the converse does not hold. The converse is studied by analyzing alphas from time-series regressions of anomaly portfolio returns on a model where the DMA return is added to the market excess return. While I am silent on the source of the beta anomaly, I find a correlation coefficient of -0.77 between the return to the beta-sorted portfolio and the market. Therefore in the context of my paper, it might not be surprising that adding the beta anomaly return to the market model does not significantly improve its performance explaining anomaly returns. Moreover, the regression specification implies that the DMA portfolio return proxies for a systematic risk factor, while I study stock betas as characteristics.
This paper relates to the literature connecting the cross-sectional anomalies with mispricing and limits to arbitrage. Market-wide sentiment causes mispricing (Baker and Wurgler, 2006; Stambaugh, Yu and Yuan, 2012; Stambaugh and Yuan, 2016) , which in combi-nation with some form of limits to arbitrage (for example high short-selling fees in Drechsler and Drechsler, 2014), lead to the observed cross-sectional anomalies. Two papers in this literature relate most closely to my work. Stambaugh, Yu and Yuan (2015) explains the idiosyncratic volatility (IVOL) puzzle with mispricing by arguing that arbitrage asymmetry makes overpricing more difficult to correct compared to underpricing, rendering the negative IVOL-return relation among overpriced stocks more prevalent. Liu, Stambaugh and Yuan (2016) explain the beta anomaly by showing that it exists through positive crosssectional correlation with IVOL. Together the above two papers suggest mispricing with arbitrage asymmetry should be the cause of the low-risk puzzle. The result in this paper that the low-risk puzzle is embedded in other anomalies is consistent with the mispricing explanation of the anomalies. My work adds to the literature by presenting direct evidence that the low-risk puzzle is a channel through which mispricing contributes to the anomalies.
Given the plethora of the cross-sectional asset pricing puzzles (Harvey, Liu and Zhu, 2016; McLean and Pontiff, 2016) , Cochrane (2011) calls for consolidation. A burgeoning literature in the intersection of asset pricing and econometrics aims at reducing the set of cross-sectional anomalies, or "risk factors." This literature employs machine-learning techniques to evaluate the explanatory power of new factors in addition to existing ones (Feng, Giglio and Xiu, 2017; Freyberger, Neuhierl and Weber, 2017; Kozak, Nagel and Santosh, 2017) . My paper adds to this literature by taking an empirically-motivated approach, and shedding light on a viable dimension along which the space of cross-sectional anomalies could be reduced.
Motivation

The Beta Anomaly
Black, Jensen and Scholes (1972) make the observation that the CAPM alphas "are consistently negative for the high-risk portfolios (β >1) and consistently positive for the low-risk portfolios (β <1). Thus the high-risk securities earned less on average ... The monotonically increasing pattern of the market excess return from the worst to the best months is perfectly reversed for all the anomaly portfolios. For all ten of the tabulated anomaly portfolios, the best performing months are in fact the months in which the market 1 See Black, Jensen and Scholes (1972) performs the worst, whereas their best performing months are the ones in which the market rises the most. Take the composite equity issues portfolio for example. The average return in months with extreme market downfalls is almost 3% higher than that in months with the highest market increases. Furthermore, the decreasing trend in each row going from the left to the right indicates that on average, the higher the overall market return is in a given month, the worse are returns to anomaly portfolios, suggesting a negative covariance between returns to the anomaly portfolios and the contemporaneous market excess return.
Hypothesis Development
The same pattern holds under daily returns: the anomaly portfolios perform the best in the 20% of trading days when the market falls the most, and perform the worst when the market rises the most. Results from table 1 are robust to the exclusion of the great depression, the dot-com bubble, and the housing crisis periods.
Conventionally, the anomaly portfolio return is taken as the return to the long leg minus the return to the short leg, where the long and short portfolios have the same weight. A long-short portfolio having a negative beta is equivalent to the condition that the long portfolio has a lower beta relative to the short portfolio
β L < β S then is equivalent to the condition that on average, the long portfolios hold stocks of lower betas compared to the stocks in the short portfolio
where i denotes a stock in the long portfolio, j denotes a stock in the short portfolio, and ω k denotes the weight a stock carries when returns are aggregated to the portfolio level. To the extent the beta anomaly holds in the data, it is most likely that the same stocks that are heavily-weighted in the long-leg should have lower alpha compared to the heavily-weighted stocks in the short-leg. Taking the difference between the long and short portfolio returns then results in a positive alpha for the anomaly portfolio 2 . Hence the long-short portfolio has a source of positive alpha that is independent of the intended anomaly characteristic.
Data and Empirical Measures
Return and Accounting Data
The sample of stocks comes from the Center or Research in Security Prices (CRSP) and require that a Compustat firm must have non-negative total assets to be included in the sample. I carry a firm's accounting data forward up to the earliest occurrence of any of the following three conditions. First, the next financial statement is available. Second, the firm is delisted. Third, 24 months have passed in between the firm's two consecutive financial statement releases. Returns are adjusted for delisting bias wherever applicable.
Because market betas are of primary interest in this study, the 2% of stocks with extreme beta estimates each month are excluded from the sample (1% on each end) in an attempt to reduce the impact of outliers. The sample includes all stocks surviving the restrictions outlined above. Robustness tests are done with microcap stocks excluded from the sample. All main results remain. The proxy for the market return is the CRSP valueweighted index. The proxy for the risk-free rate is the one month T-bill rate, obtained 2 This argument relies on the function that maps a stock's beta to its alpha being "regular." A class of functions that are sufficient for this argument are those that are monotonically decreasing and affine. For example, suppose f : β → α satisfies
for i ki = 1 and xi ∈ R. Then we have that
where the inequality in the middle follows from condition (1).
from Ken French's data library.
Beta Estimates
At the beginning of every month I estimate a stock's CAPM β using its daily excess returns (gross return minus one-month T-bill rate) in the past 12 months, with a minimum of 150 observations of non-missing returns required. To limit the impact of non-synchronous trading, I estimate a stock's β using the sum of coefficients method following Dimson (1979) .
The rolling window regression specification is
where r i,t denotes the excess return on stock i on day t, and R m,t denotes the market excess return on day t.
The stock's beta estimate for month t is then calculated aŝ
As an alternative way to measure betas, I use rolling windows of monthly returns in the past five years requiring at least 24 non-missing return observations, and estimate the specification
where r i,t denotes the excess return on stock i in month t, and R m,t denotes the market excess return in month t.
All analyses in this paper use betas estimates from daily returns. However, results remain qualitatively similar across both beta estimation methods.
Anomalies and Long-short Strategies
I focus on ten asset pricing anomalies that are based on both accounting data and past stock return information. The list is taken from the union of the sets of anomalies studied by Stambaugh, Yu and Yuan (2012) and Fama and French (2015) , and is representative of the different types of cross-sectional return puzzles documented in the literature. Specifically, I consider anomalies on profitability (Novy-Marx, 2013; Fama and French, 2015) , momentum (Jegadeesh and Titman, 1993) , composite equity issues (Daniel and Titman, 2006) , financial distress (Ohlson, 1980) , default probability Campbell, Hilscher and Szilagyi (2008) , total accruals (Sloan, 1996) , investment growth rate (Xing, 2008) , return on assets (Chen, Novy-Marx and Zhang, 2011; Fama and French, 2006) , return volatility and idiosyncratic volatility (Ang, Hodrick, Xing and Zhang, 2006) . I follow the construction outlined in Fama and French (2015) wherever possible, and then that in Stambaugh, Yu and Yuan (2012) . A detailed description and the calculations of the anomalies are in Appendix A. Absent from the Stambaugh et al. (2012) and Fama and French (2015) list are the net operating assets, the asset growth, and the net stock issues anomalies. I address these omitted anomalies as well as the size and value effects in section 5.
I consider the monthly-rebalanced long-short trading strategies. For all accountingbased anomalies, stocks in each month are sorted into quintiles by the most recently available accounting variable. All accounting data are assumed to be available four months after the end of the fiscal period. For momentum, I require a one-month gap between the six-month window in which momentum is measured and the month in which the momentum measure becomes available. I measure return volatility using the standard deviation of the stock's daily excess return in the past 60 days. For idiosyncratic volatility, I use the standard deviation of the CAPM residuals estimated using daily returns in the past 60 days. The long-short portfolio return is defined as the difference in the value-weighted returns between the extreme quintiles. Thus all anomalies are traded using zero-cost longshort portfolios. I require each extreme quintile portfolio to have at least 50 stocks in any given month to be included in the sample. The summary statistics are presented in table 2.
[Insert table 2 here]
The parameter γ presented in panel B of table 2 is estimated in
where R i,t denotes the return to a zero-cost portfolio i in month t, and R b,t denotes the month t return to the beta-sorted portfolio. Thus γ captures the sensitivity of the anomaly portfolio returns to the return of trading on the beta anomaly. All portfolios in the table have returns that are positively related to R b,t , although the magnitude of the covariance varies. The return volatility, idiosyncratic volatility and default probability portfolios show the highest sensitivity, while the investment growth and total accruals portfolios show the lowest.
Note that the starting years for the time-series of the anomaly portfolios vary. The sample period for each portfolio is set based on two constraints. The first is data availability: variables that require only CRSP data to compute have data available as early as 1927, while variables that require Compustat data only go back to 1963. The second constraint is that I require both the long and short leg portfolios to hold at least 50 stocks each month. The row minimum holdings in panel A of table 2 shows that this constraint appears to be binding for the total accruals, return volatility, idiosyncratic volatility, and default probability portfolios. Note this constraint leads to different starting years for total accruals (1968) and default probability (1973) portfolios relative to other accounting-based anomalies.
The bottom panel presents the realized (post-formation) beta estimates for each anomaly.
The realized estimates are obtained from the whole-sample estimation of the CAPM model using the time-series of portfolio returns, as in
whereβ L (β S ) is estimated from projecting the time-series of long (short) leg portfolio returns on the time-series of market excess returns in the entire sample. Because nonsynchronous trading is less of a concern for portfolios of stocks, the realized portfolio betas are estimated in the CAPM without lagged market excess returns. For all anomalies, the long leg portfolios exhibit lower beta estimates relative to their short legs. In most cases, long legs show beta estimates below 1. The two exceptions are the investment growth and total accruals portfolios, which show beta estimates of 1.19 and 1.13 in their long legs, respectively. However, in all cases short leg portfolios exhibit beta estimates above 1.25.
Due to the high beta estimates from long legs, the investment growth and total accruals exhibit the lowest variation in realized betas between the extreme quintiles. In comparison, the volatility-related and default probability anomaly portfolios show that greatest variation in realized betas between the extreme quintiles. The strong beta imbalance in the volatility-related anomaly portfolio is consistent with the observation in Liu, Stambaugh and Yuan (2016) that beta is positively related to IVOL in the cross-section. First, instead of value-weighting, I weight stocks in each portfolio by their ranked betas.
Specifically, in each month stocks in the sample are ranked into deciles based on their preformation beta estimates in an ascending order. Stocks in the long portfolios are weighted by decile ranking of their betas, so that the high-beta stocks get higher weights in the long-leg portfolios relative to the value-weighted portfolios. For example, in any given anomaly's long leg portfolio, stock i would have weight w i
where R i ∈ {1, ..., 10} denotes the ascending decile ranking of stock i's beta estimate so that R i ≥ R k for β i ≥ β k , and j denotes a stock in the long leg, so the denominator is the sum of all long leg stocks' beta decile rankings. Symmetrically, stocks in the short leg portfolios are weighted by the descending decile ranking of their pre-formation betas, so that the low-beta stocks get higher weights in the short-leg portfolios relative to the value-weighted portfolios. Stock i in a short leg portfolio carries weight w i
where DR i ∈ {1, ..., 10} denotes the descending decile ranking of stock i's beta estimate so that DR i ≤ DR k for β i ≥ β k , and the summation in the denominator runs over all stocks in the short leg.
This approach of balancing beta has two advantages. The first is that it preserves the original long-short portfolio constituents, so that the overall portfolio still has a long position on the set of stocks with the desirable anomaly characteristics, and a short position on the set of stocks with undesirable characteristic measures. It only modifies the weights that each stock carries when returns are aggregated to the portfolio level. The second advantage is that it only considers the information in the relative ranking of betas in each cross-section, rather than relying on the specific values of the beta estimates, which can be rather noisy and have extreme values.
I obtain the CAPM estimates for both the value-weighted, and the beta rank-weighted long-short portfolios. The results are presented in table 3. The top row in each panel presents the whole-sample CAPM estimates for the value-weighted long-short anomaly portfolios, hence the subscript vw. The second row in each panel presents the wholesample CAPM estimates for the beta rank-weighted portfolios, hence the subscript br.
[ Insert table 3 here.]
In panel A, the first row indicates that the CAPM beta estimates are negative for all value-weighted anomaly portfolios, with those for the volatility-related anomalies being of the highest magnitude. The negative betas are consistent with the negative return covariance documented in table 1. By construction, weighting stocks by their beta ranks, however, effectively increases the beta estimates for all anomaly portfolios, as shown in the second row in panel A. Note that despite the increase, the post-formation beta estimates for a number of anomaly portfolios, in particular the return volatility and idiosyncratic volatility portfolios remain negative. Note also that weighting by ranked betas leads to positive ex post beta estimates in some cases. I address the concern of "over-correction" in section 6.
The first row in panel B shows that, not surprisingly, all value-weighted portfolios produce both economically and statistically significant alpha estimates. Using ranked betas as weights for individual stocks reduces both the economic and statistical significance of the alpha estimates. In terms of the economic magnitude, the reduction in trading profitability ranges from 27% for the total accruals portfolio, to 100% for the return on assets portfolio.
The reduction in statistical significance also shows variation. The alpha estimate for the momentum portfolio remains significant at 1% level despite a 50% reduction in magnitude.
The p-values for alpha estimates for the investment growth and total accruals portfolios remain above 5%, whereas alpha estimates for all other anomaly portfolios are no longer significant at the 5% level.
Panel C presents results on annualized portfolio information ratios, which are defined
where α denotes the whole-sample portfolio alpha estimate, and RM SE denotes the regression root mean-square error. The factor √ 12 serves to annualize the information ratio.
IR can be interpreted as the portfolio Sharpe ratio after hedging out the market risk, and is a commonly-used metric to measure portfolio performance 3 . It rewards value-added (α) on top of the benchmark returns, and punishes high tracking error, or equivalently, residual risk.
For all anomaly portfolios, the information ratio estimates tell a similar story: increasing the beta loadings of the long-leg portfolio and decreasing that of the short-leg portfolio significantly reduces the trading profitability of the anomaly portfolios. The magnitude of the reduction in IR is comparable to that in alphas for each of the anomaly. This means weighting stocks by their ranked betas results in similar portfolio residual volatility relative to value-weighting 4 .
Taken together, table 3 presents evidence indicating that portfolios, which trade in the direction suggested by the documented cross-sectional anomalies but also in a way that mitigates the negative beta exposure, exhibit risk-adjusted returns of both lower economic and statistical significance.
3 For more details see Goodwin (1998) . 4 To see this, note IR = α/RM SE. So the change (IR br − IRvw)/IRvw simplifies to
which differs from the change in alpha
only by the multiplicative fraction RM SEvw/RM SE br . Therefore similar changes in alphas and IR's necessarily means that RM SEvw/RM SE br is close to 1.
Balancing Portfolio Betas: Removing Low (High) Beta Stocks in the Short (Long) Leg Portfolio
The second approach also starts with an independent double-sort each month on the pre-ranking betas and the anomaly characteristic into quintiles. Long-short portfolios are still taken as the extreme quintiles based on the anomaly characteristic sort. In the long (short) leg, stocks whose betas are ranked in the bottom (top) 40% in the cross-section are removed, so that the long (short) leg essentially holds stocks that are both predicted to have high (low) returns by the anomaly characteristic and have high (low) betas. The choice of 40% is made so that most anomaly portfolios have a positive ex post beta estimate that is close to zero. To complement the beta rank-weighting method, in this elimination approach stocks remain weighted by their one-month lagged market capitalization, the same as in the original anomaly portfolio construction. The whole-sample CAPM estimates are presented in table 4. The top row in each panel presents estimates for the original value-weighted portfolios, hence the subscript vw. The second row in each panel presents the whole-sample CAPM estimates for anomaly portfolios after eliminating the low (high) beta stocks in the long (short) leg, hence the subscript el.
[ Insert table 4 here.]
As in table 3, panel A presents the beta estimate before and after eliminating stocks in each leg. As intended, removing stocks with low (high) beta in the long (short) portfolios results in an increase in the beta estimates. Similar to the results in table 3, however, the beta estimate for the return volatility portfolio remains negative even after the elimination. I address the concern of "over-compensating" the long-short portfolios' negative beta imbalance in section 6.
Panel B presents the alpha estimates. Again across the ten anomalies analyzed in the paper, there is consistent reduction in both the economic and statistical significance of the alpha estimates. The reduction in economic magnitude ranges from 36% for the return on asset portfolio, to 80% in the composite equity issues. The t-statistics for the alphas after elimination become under 2.58 for all but the momentum portfolio, and seven out of ten alpha estimates have t-statistics below 1.96. After elimination, the momentum and default probability portfolios show the highest alpha estimate, with the momentum portfolio's alpha showing the largest t-statistic.
The information ratio estimates show reductions of very similar magnitudes compared to the reductions in alphas, suggesting significant reductions in the anomaly portfolios' benchmark-adjusted performance. This again means that the anomaly portfolios formed after elimination has similar residual risk relative to the original portfolios.
Falsification Tests
To test whether the presented reductions in the anomaly portfolio performance are due to chance, I perform falsification tests of both methods of balancing the long-short portfolio betas.
For the beta rank weighting method, I randomly assign stocks in the long and short portfolios into 10 deciles each month. I then use the decile rankings as weights when aggregating individual stock returns to the portfolio level in the long-leg, and use the descending decile rankings (computed as 11 -groups numbers) as weights in the short-leg.
This process is repeated 500 times 5 . The distributions of the alpha estimates after random weighting are summarized in figure 2.
[Insert figure 2 here.]
In each subplot, the 500 alpha estimates are put into 100 bins, denoted by the green bars. The red vertical lines denote alpha estimates from portfolios using beta ranks as individual stock weights. For each anomaly, the test result indicates that none of the 5 The number of runs is limited only by the computing time this procedure requires.
simulated portfolios produces an alpha estimate as small as the one from beta rank-weighted portfolios.
For the elimination method, I randomly eliminate 40% of the long and short portfolio holdings each month, and then compute the unconditional alpha for the new long-short portfolios. This process is also repeated 500 times. The distributions of alpha estimates after random elimination are summarized in figure 3 .
[Insert figure 3 here.]
The results indicate that almost no simulation run produces alpha estimate as small as the one from eliminating low (high) beta stocks from the long (short) portfolios. Only the total accruals anomaly has a few out of 500 estimates falling to the left of the alpha estimate after inflating long-short portfolio betas as intended.
Taken together, the falsification tests suggest that it is difficult to replicate reductions in portfolio performance of comparable magnitude to the ones presented in the previous section. Similar results would be difficult, if not impossible, to reproduce.
The Low-risk Puzzle as Explanation
The average cross-sectional correlation between beta and return volatility is about 32% in the sample period from 1927 to 2016. In light of this positive cross-sectional correlation, I test the hypothesis that the results of this study are more general than the beta anomaly:
the low-risk puzzle is behind the high risk-adjusted returns to the cross-sectional anomalies examined in this study. In table 5, I tabulate the realized return volatility for anomaly long and short portfolios.
[ Insert table 5 here.]
In the sample period from 1927 to 2016, long leg portfolios for all anomalies exhibit lower realized return volatility relative to short legs. The difference is statistically significant.
The Bartlett tests reject the null hypothesis that the long and short portfolios for each anomaly have equal variances with low p-values.
I then repeat the tests from the previous section, but replace beta with return volatility.
The results are presented in table 6.
[ Insert table 6 here.]
Note in table 6 the volatility-related anomaly portfolios are excluded. This is because under the elimination method, given the strong cross-sectional correlation between idiosyncratic volatility and return volatility, removing stocks with low (high) return volatility would almost empty the long (short) portfolio formed on idiosyncratic volatility.
Panel A shows that increasing weights on high return volatility stocks in the long leg and low return volatility stocks in the short leg has a similar effect on portfolio betas as does the attempt to balance beta directly. Results in panel B show that eliminating low (high) return volatility stocks in the long (short) portfolios leads to reductions in the magnitude of the alpha estimates that range from 50% to 100%. The anomaly portfolio showing the largest alpha estimate and statistical significance is still the momentum portfolio. Panel C shows an comparable reduction in information ratio across all anomaly portfolios as well, indicating similar portfolio residual risk levels in addition to reduced alphas after elimination.
The method of weighting stocks by return volatility (descending) ranks in the long (short) portfolios also leads to decreases in both the alpha and information ratio estimates.
Reductions in magnitude range from about 30% to 100%. The alpha estimates for the return on assets, O score, and profitability portfolios are no longer significant at the 5% level. However, despite a 43% reduction in magnitudes, the momentum portfolio still shows a t-statistic above 3 and the largest alpha point estimate.
Overall adjusting return volatilities in the anomaly long-short portfolios leads to reductions in the anomaly portfolios' trading profitability. Under both methods, the momentum portfolio appears to have consistent and strong benchmark-adjusted performance, measured in terms of both alpha and information ratio.
On Other Cross-sectional Anomalies and the Method of Weighting by Beta Ranks
The list of all anomalies examined also includes size (Banz, 1981), value (Fama and French, 1992) , net operating assets (Hirshleifer, Hou, Teoh and Zhang, 2004) , and asset growth (Cooper, Gulen and Schill, 2008; Hou, Xue and Zhang, 2015) . This section addresses these anomalies.
The long-short portfolios formed on size, value, and net operating assets are not negatively correlated with the contemporaneous market excess return. The size anomaly, when value-weighted, has returns that are positively related to the market, suggesting that the long portfolio has on average a higher beta relative to the short portfolio. This is consistent with the observation in Fama and French (1992) that on average beta and size are negatively correlated in the cross-section. In addition, the value-weighted size portfolio does not produce significant alphas in the sample period of 1927 to 2016. In the case of the value and net operating assets anomalies, there is no clear relation between its time-series of returns and the market excess return, and not surprisingly, no significant difference between its long and short portfolio betas.
The asset growth portfolio (also interpreted as investment-to-assets, as in Hou, Xue and Zhang, 2015) , on the other hand, has returns that are negatively correlated with the market excess return. However, the method of weighting stocks by their ranked betas has either negligible or positive effect on its risk-adjusted returns. I propose an explanation and present consistent suggestive evidence below.
It is known that equal-weighting induces a bias that exacerbates the size effect 6 . When the quintile ranks of betas are used as weights, each long and short portfolio in essence consists of five equal-weighted sub-portfolios of different levels of betas. The higher (lower) a sub-portfolio beta is, the more weight it carries in the long (short) leg portfolio. By the negative cross-sectional correlation between beta and size (Fama and French, 1992) , small (big) firms then get higher weight in the long (short) leg portfolios. Therefore, weighting by beta ranks exacerbates the size anomaly even more. The asset growth portfolio appears to take advantage of the size effect by buying small cap stocks and selling large cap stocks.
Panel B in table 7 shows that the time-series average ratio of the mean market capitalization of stocks in the long-legs to that of stocks in the short-legs is 0.562 for the asset growth portfolio. A low mean size ratio is suggestive that the long-short portfolios are subject to the size effect.
[ Insert table 7 here.]
Most of the anomaly portfolios in panel A, on the other hand, have mean size ratios above 1. The only exception is the investment growth portfolio, whose mean size ratio is 0.741, which is still greater than that for both the value and asset growth portfolios by over 31%. Moreover, there is reason to suspect that the investment growth portfolio is subject to the size effect as well, as is evident in table 3 that the method of weighting by beta ranks has a weaker effect on its risk-adjusted returns relative to the other long-short portfolios.
On the Methodology to Mitigate Exposure to Beta Anomaly
In this section I discuss two alternative ways to mitigate the long-short portfolios' exposure to the beta anomaly, and the limitations of the methods applied in this paper.
Alternatives
The first alternative is the regression specification where return to the long-short portfolio formed on sorts of stocks' pre-formation betas, in similar spirit to the 'betting against beta' factor in Frazzini and Pedersen (2014) , is added to the CAPM, as in
In specification (2) R b,t denotes the return to the portfolio formed on sorts of preformation betas. There are two reasons why this specification might not be appropriate for the purpose of this study. The first reason is that specification 2 necessitates the interpretation that R b,t proxies for a systematic risk factor. However, this paper considers betas as characteristics, and looks to adjust long and short anomaly portfolios in order to mitigate their imbalance in this characteristic. Specification 2 is not well-suited for adjustment in characteristics.
The second reason is that this regression specification suffers from multicollinearity.
Intuitively, the market excess return R m,t and the beta portfolio return R b,t should be negatively correlated. This is because the portfolio that buys low beta stocks and sells high beta stocks has returns that, by design, negatively covary with the market. In the sample period from January 1927 to December 2016, the time-series of R m,t and R b,t have a correlation coefficient of −0.77. Projecting R b,t on R m,t produces a regression coefficient of −1.08 with a t-statistic of −18.26. Together the correlation coefficient and the regression coefficient estimate suggest that R m,t and R b,t are highly negatively correlated, making interpreting the coefficient estimates γ i in 2 difficult. Moreover, the high correlation makes the R b,t have limited marginal explanatory power beyond that of R m,t in the CAPM.
The second alternative way to mitigate the beta anomaly exposure is an independent double-sort, which is a common approach to control for one characteristic while studying the effect of another (Fama and French, 1993 . However, independent doublesorts on pre-formation betas and an anomaly characteristic do not effectively mitigate the exposure to beta anomaly. To construct for example. In each of the five beta quintiles, the magnitude of the variation in betas between extreme return volatility quintiles is more than half of that from the univariate sort. Similar lack of sufficient reductions in beta variation across extreme quintiles is observed among the other anomaly variables. The investment growth (IG) anomaly seems to be the only exception: the long-short portfolios formed among low beta stocks exhibit balance in betas.
Limitations of using ranked betas as weights and eliminating portfolio holdings
Both the beta rank-weighting and the elimination methods effectively remove or mitigate the anomaly portfolios' exposure to the beta anomaly. However, there are cases where these two methods result in "over-compensation" for the long-short portfolios' imbalance in beta. For example in table 4, all but the volatility-related portfolios have positive realized betas after low (high) betas are removed from the long (short) portfolios. One way to address the concern of over-correcting the beta imbalance in the anomaly portfolios is to apply leverage to the long and short leg portfolios, after ensuring that the long leg holds more high beta stocks and the short leg holds more low beta stocks, as in
where,
In (3) β L,t and β S,t are the weighted average beta of the long and short portfolios, and R L,t and R S,t are the excess returns to the long and short leg portfolios, respectively 7 .
[Insert table 9 here]
The parameter 0.15 in the coefficients x L,t and x S,t is set to address the downward bias in the realized long-short portfolio beta: based on table 9, extreme betas exhibit tendency to revert to the cross-sectional mean of roughly 1, leading to an overall negative realized anomaly portfolio beta. Therefore I pick 0.15 > 0 such that the realized portfolio betas are close to zero. The results are not sensitive to the specific choice of this parameter, provided it is chosen to mitigate the slight downward bias of the realized portfolio beta. Trimming the sample by betas at 1% level in each month serves to mitigate the impact of outliers.
In addition, in all empirical implementations of the coefficients estimated as in equation 3 7 Leveraging the long and short portfolios to ensure that the overall portfolio is ex post beta-neutral is borrowed from Frazzini and Pedersen (2014) . The coefficients xL,t and xS,t together solve the system of two equations xL,t + xS,t = 2, βL,t · xL,t − βS,t · xS,t = 0.15
The first equation ensures that the new strategy has in total $2 invested in the long and short legs in total, the same as in the original construction, so that the comparison before and after applying leverage is meaningful. The second equation ensures that the ex ante long-short portfolio beta is 0.15.
[Insert table 10 here]
By construction, the two coefficient estimates in table 10 together serve two purposes.
First, for each anomaly portfolio, the sum of x L and x S is 2, meaning the trading strategy always has $2 invested so that the comparing alphas before and after applying leverage is meaningful. Second, the coefficients are chosen so that the ex ante portfolio betas are 0.15 in order to account for the post-formation downward drift in the portfolio betas.
The results after applying leverage to the anomaly long-short portfolios are presented in Panel A shows that leveraging seems to have mitigated the ranked-weighted and elimination methods' positive impact on the realized portfolio betas. Panel B in table 11 suggests that applying leverage to obtain ex ante beta-neutral portfolios leads to little change in the alpha estimates from those obtained from anomaly portfolios without leverage. The investment growth and total accruals portfolios show an increase in the statistical significance in their alpha estimates relative to ones obtained before applying leverage.
Panel C reports mostly consistent reductions in the information ratio estimates across the anomaly portfolios under both methods, except for total accruals. For the total accruals portfolio, the beta rank-weighting method after applying leverage leads to a decrease of only 5% in the information ratio estimate. Given the reduction in the alpha estimate of about 29%, the smaller decrease in IR suggests that leveraging significantly reduces the residual volatility of the total accruals portfolio.
Conclusion
Returns to long-short portfolios formed on a broad set of cross-sectional puzzles are negatively correlated with the contemporaneous market excess return. This negative covariance implies that the anomaly portfolios hold low beta assets and sell high beta assets, thus taking advantage of the well-documented beta anomaly. Mitigating the long-short portfolios of the imbalance in beta either attenuates or eliminates the risk-adjusted returns to the asset pricing puzzles, and leads to worse anomaly portfolio performance as measured by information ratios. This paper suggests a new direction towards understanding the cross-section of expected returns. Results shed light on a viable way of consolidating a large set of documented anomalies, thereby reducing the number of cross-sectional puzzles in the literature. To the extent the beta anomaly can be explained by investor preferences or trading constraints, this paper suggests possible extensions of the same explanations to the other cross-sectional puzzles. At the same time, the negative covariance between the long-short portfolios and the market excess return presents a challenge to the risk-based interpretation of these cross-sectional anomalies. Reported in this table are the summary statistics of the long-short anomaly portfolios. Monthly returns are reported as percents. Return volatility is the standard deviation of the time-series of portfolio returns. Mean (min, max) holdings is the average (minimum, maximum) number of stocks in a quintile in a month. γ is estimated in the specification R i,t = α i + γ i · R b,t + i,t , where R i,t denotes the return to a zero-cost portfolio i in month t, and R b,t denotes the return in month t to the beta-sorted portfolio. The t-statistics are computed using the Newey and West (1987) to 2016 for DP. In each month, value-weighted anomaly portfolios are formed from univariate sorts into quintiles of all NYSE, AMEX and NASDAQ stocks. The monthly anomaly portfolio returns are defined as the difference between value-weighted average returns of extreme quintiles. α vw (β vw ) is the CAPM alpha (beta) estimate of the value-weighted long-short portfolios. α br (β br ) is the CAPM alpha estimate of the beta rank-weighted long-short portfolios. ∆ α (∆ β ) is the difference between α vw (β vw ) and α br (β br ). The t-statistics are computed using Newey and West (1987) standard errors with a three-month lag. The subscript vw denotes the CAPM estimates of the value-weighted long-short portfolios. The subscript el denotes the estimates of the long-short portfolios after eliminating low return volatility stocks in the long-legs, and high return volatility stocks in the short-leg. The subscript rank denotes the estimates of the return volatility rank-weighted long-short portfolios. ∆ el (∆ rank ) is the difference between the estimate of the original vw portfolio and the el (rank) portfolio. The t-statistics are computed using Newey and West (1987) The monthly anomaly portfolio returns are defined as the difference between value-weighted average returns of extreme quintiles. In each month, the size ratio for an anomaly portfolio is calculated as the average market capitalization of the stocks in the long leg divided by the average market cap of the stocks in the short leg. I then test the null hypothesis that the time-series average of the size ratio is zero. The t-statistics are computed using Newey and West (1987) 1947 1957 1967 1977 1987 1997 2007 Calendar time independently, into 10 groups. In both long and short leg portfolios, stocks from 4 random groups are eliminated from the process of constructing extreme anomaly quintile portfolios. The anomaly portfolio returns are then taken as the difference between value-weighted returns from the remaining stocks in extreme quintiles from sorts on anomaly characteristics. The histograms plot the distributions of anomaly portfolios' CAPM alpha estimates after this elimination, repeated 500 times. The red vertical lines indicate CAPM alpha estimates from the anomaly portfolios using the beta ranks as weights in the long-legs, and the descending beta ranks as weights in the short-legs.
Tables and Figures
Return Volatility (VOL)
VOL is calculated as the standard deviation of the daily gross stock return in the past 12 months, with a one-month gap between the end of measurement period and the portfolio formation date. Buy top quintile. Sell bottom quintile.
Ang, Hodrick, Xing and Zhang (2006) Total Accruals (TAC) See below for details. Buy bottom quintile. Sell top quintile. (Sloan, 1996) Idiosyncratic Volatility (IVOL)
IVOL is calculated as the root mean square error from the regression of the stock's daily return in the past 12 months onto the market excess return in the same time period, with a one-month gap between the end of measurement period and the portfolio formation date. Buy bottom quintile. Sell top quintile.
Ang, Hodrick, Xing and
Zhang (2006) O-Score (OSCORE) Calculation is obtained from Stambaugh and Yuan (2016) . See below for details. Buy bottom quintile. Sell top quintile.
Ohlson ( EXRET AV G t = 1 − φ 1 − φ 12 · 11 i=0 φ i · EXRET t−i ; φ = 2 −1/3 ; N IM T A = N IQ/(M E + LT Q); N IQ is the quarterly net income; M E is the firm's market capitalization; LT Q is the quarterly total liabilities; EXRET = log R i − log R S&P 500 ; R i is the firm's stock return in a month, and R S&P 500 is the return to the S&P500 index in the same month; T LM T A = LT Q/(M E+LT Q); SIGM A is the annualized standard deviation of the stock's daily return in the most recent 3 months; RELSIZE = log(M E/U SDV AL t−1 ); U SDV AL t−1 is the market cap of the S&P500 index in the previous month; CASHM T A = CHEQ/(M E + LT Q);
CHEQ is the quarterly cash and cash equivalents; M B = M E/ADJBEQ; ADJBEQ is the adjusted book equity, obtained by increasing the Compustat book equity value (BEQ) by 10% of the difference between market equity and book equity; P RICE is the lagged stock price.
